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swarms, flocks, herds, schools, blooms

mravencil, termiti, ...
vCely, vosy, ...

pakong¢, zebry, ...

ryby, ...
lidé




I Proc¢ hejna®

* Vciely
— prohledavani

* Vysilaji zvédy, ktefi hledaji nové misto pro hnizdo

e zvédl po navratu tancem presveédcuji ostatni
zvedy, Cim st'astnéjsi tanec, tim vEtsi
pravdépodobnost, Ze se ostatni pridaji

* Po urcité dobg¢, kdyz vétsina zvédu souhlasi s
novym mistem, cely roj se st¢huje

* Dobré misto musi byt dostateCné prostorné,
dobie chranéné pred vnéjsimi elementy, mit
spravny pristup tepla i vzduchu a nesmi byt
zamoreno mravenci




 Tadarida guanova

* ochrana pred predatory

« komunikace a rozhodovani

— Vyfivy sloup fika ostatnim, kdy vylétnout z hnizda, kam se dnes poleti -fuze
zkusSenosti z predchozi noci — kolektivni rozhodovani




I ProC hejna?

e Mravenci

— Preprava
* Tvorba voru z vlastnich t¢l, pontonové mosty




| Proc hejnaz

* Ryby

— Znasobeni smysli, obrana pred predatorem




Proc¢ hejna?

* Ryby
— vnimani ostatnich i predatoru postrani carou

— varovné signaly pomoci feromonu,
rozechvivani vzduchovych méchyiu, skiipéni
pozerakovych zubu




Proc¢ hejna?

— Ptaci
* Hledani potravy

— Ptaci letici desitky metrii nad zemi dokazou vidét a
rozeznat zrnko obili

— Sleduji znameni zdroje potravy, t.j. aktivity ostatnich:
» Krmeni se na zemi
» Krouzeni nad néjakym cilem
» OtoCeni se a odd¢leni se od hejna za nééim
»




e Lov




I Simulace

* Ptaci hejna
— Craig Reynolds, 1987:BOIDS
— T11 lokalni sily:
* Collision avoidance
— ,,odtazeni* v pripad¢ hrozici kolize

* Velocity matching

— Jedinci se snazi pohybovat zhruba podobnou rychlosti
jako jejich sousedi

* Flock centering
— Jedinci se snazi dostat do stfedu hejna




I Simulace

* Ptaci hejna
— Heppner, Grenander, Potter, 1990:BOIDS
* navic pritahovani k hnizdu
* tendenci udrzovat si svou rychlost
* ndhodna sila ,,vétru*

— Toner and Tu, 1998: Flocks, herds and
schools: A quantitative theory of flocking

 Chovani hejna piipomina celularni automat 4.
typu (charakteristické a nepredikovatelné vzory,

které emerguji po dlouhou dobu aby pak
zanikly)




ANDRIES P. ENGELBRECHT

FUNDAMENTALS OF

COMPUTATIONAL

IGENCE

€ EBERHART
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I Notace

Struktura swarmu S:

pocet jedincu (velikost populace)
dimenzionalita prohledavaného prostoru
pozice i —tého jedince (x;q, X2, -, Xin, )
rychlost i —tého jedince (v;q, Vi3, -, Vin,, )
personal best pozice i —tého jedince

local/global best pozice i —tého jedince




I Topologie

* Nejbéznéjsi: Meéng¢ bézné:

Focal Point
@

* Kennedy, Mendes (2002): Population
structure and particle swarm performance.

» Cim vice lokalnich optim, tim méng
propojena topologie




Local Best PSO

* Update rychlosti:

vt + 1) = w(O)v;(t) + 174 (¢) [Yij(t) — xij(t)] + cp1(8) [yij(t) — xij(t)]

* Update pozice:

xl-(t + 1) = xl-(t) + vi(t + 1)




Local Best PSO

* Update rychlosti:

vj(t+1) = ‘\/V(t)vij(t)} + ¢171(8) [Yij(t) — xij(t)] + Cp125(t) [}Aﬁ'j(t) — xij(t)]
\ ]| J
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Setrvacnost Kognitivni
komponenta
y1(t)

y1(t)
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Lcal Best PSO

* Update rychlosti:

vj(t+1) = ‘\’V(t)vij(t)} + ¢q7y5 (1) [Yij(t) — xij(t)] + Ca15(8) [yij(t) — xij(t)]
\ ) | }

! | |
Setrvacnost Kognitivni
komponenta

* Situace: Jedinci 1 a 2 jsou sousedé a maji spolecného souseda,
ktery je zaroven nejlepsim sousedem kazdého:

y1(t)

v, (t)
y1(t) = y,(t)




Lcal Best PSO

* Update rychlosti:

vj(t+1) = ‘\’V(t)vij(t)} + ¢q7y5 (1) [Yij(t) — xij(t)] + Ca15(8) [yij(t) — xij(t)]
\ ) | }

! | |
Setrvacnost Kognitivni
komponenta

* Situace: Jedinec jedna nasel zatim nejlepsi pozici ze svého okoli.
ProtoZe neni sousedem jedince 2, ma jedinec 2 jinou socialni
znalost nez jedinec 1

y1(t) = ¥.(8)
.

y2(t)




Local Best PSO

* Update rychlosti:

vt + 1) = w(O)v;(t) + 174 (¢) [Yij(t) — xij(t)] + cp1(8) [yij(t) — xij(t)]

* Update pozice:

xl-(t + 1) = xl-(t) + vi(t + 1)




I Local Best PSO

* Update rychlosti:

vt + 1) = w(O)v;(t) + 174 (¢) [yij(t) — xij(t)] + cp1(8) [yij(t) — xij(t)]

 Vhodné nastaveni parametru:

w Linearn¢ klesajici z 0.9 na 0.4
Cq 2

Cy 2

topologie Kazdy s kazdym/prstenec

Vvax Podle rozsahu dané proménné j




lLocal Best PSO _j

Algoritmus: lbest PSO
Initialize n,-dimenzional swarm of n, particles
repeat
for each particlei =1, ...,n, do
if f(x;) < f(y;) then y; = x; end
end
for each particlei =1, ...,n, do
y; = argmin,, f(yx) subject to k € N;

end

for each particlei =1, ...,n, do
update the velocity
update the position

end







I Global Best PSO

* Vsichni jedinci sdileji jednu globalni
informaci o best so far reseni

v;j(t+1) = w(t)v;;(t) + ¢y (8) [Yij(t) — xij(t)] + Ca12(t) [yij(t) — xij(t)]

l

v (t+ 1) = w)v;(©) + 171, O]y, () — x1; )] + com2; @]9 (1) — %, (O]




I Global Best PSO

Algoritmus: gbest PSO
Initialize n,-dimenzional swarm
repeat
for each particlei =1, ...,n, do
if f(x;) < f(y;) then y; = x; end
if f(y;) <f(y )then y =y;end
end
for each particlei =1, ...,n, do
update the velocity
update the position
end
until stopping condition is true




I Casté chyby

Engelbrecht (2005): Fundamentals of computational swarm intelligence.

Algoritmus: lbest PSO
Initialize n,-dimenzional swarm of n; particles

repeat
for each particlei =1, ...,ns do
if f(x;) < f(y;) then y; = x; end
if f(y;) <f(y;)then ¥y =y;end

end

Global best nema v
local best algoritmu
co d¢lat.

Kdyby tam bylo

y; = y; nemohla by
byt local best pozice
dosazena jinym
jedincem nez je
jedineci

for each particlei =1, ...,n, do
update the velocity
update the position
end
until stopping condition is true




I (Visté chyby

* del Valle et al. (2008): Particle Swarm Optimization: Basic
Concepts, Variants and Applications in Power Systems

The information available for each individual is based on its
own experience (the decisions that it has made so far and the suc-
cess of each decision) and the knowledge of the performance of
other individuals in its neighborhood. Since the relative impor-
tance of these two factors can vary from one decision to another,
it 1s reasonable to apply random weights to each part, and there-
fore the velocity will be determined by

Ui (=0 (t=1) + 1 -rands - (5 = 7 (E=1))...
+ipo - rands - (j_:;g iy (t — 1)) (2)
where @1, @2 are two positive numbers and rand;, rand, are

two random numbers with uniform distribution in the range of
(0.0, 1.0].

randl a rand2 by v
tomto pripad¢ musely
byt diagonalni matice
sndhodnymi ¢isly na
diagonale

Pii spravné
inicializaci 1ze pouzi
pro feSeni problémi
s linedrnim
omezenim




(Visté chyby

* del Valle et al. (2008): Particle Swarm Optimization: Basic
Concepts, Variants and Applications in Power Systems

According to the formulation above, the following procedure
can be used for implementing the PSO algorithm [80].

1) Initialize the swarm by assigning a random position in the Global best
problem hyperspace to each particle. pozice neni
2) Evaluate the fitness function for each particle. pozice jedince s
3) For each individual particle, compare the particle’s fitness nejlepsi
value with its ppest. If the current value is better than the hodnotou fitness!

Phest Value, then set this value as the pyege and the current
particle’s position, x;, as p;.

4) Identify the particle that has the best fitness value. The
value of its fitness function is identified as gpest and its

PSOtoolbox pro
Matlab trpél touto

position as p,. chybou
5) Update the velocities and positions of all the particles using Q
(1) and (2). NN

6) Repeat steps 2-5 until a stopping criterion 1s met (e.g.,

maximum number of iterations or a sufficiently good fit- E
ness value). G




I Inicializace

* Rychlosti na nulovou hodnotu v; = 0

* Pozice nahodn¢ napr. podle rozsahu
prohledavaného prostoru

* Personal, local nebo global best pozice
na aktualni pozici y; = x;

* DalCi metody:
— Sobol sequences

— Faure sequences
— Nonlinear simplex method




 Maximalni pocCet iteraci

* Nalezeni reseni
* Stagnace po urcitou dobu

o Ztrati se diverzita (normalizovany prumcr
swarmu je témcer 0)

* Pokles hodnoty cilové funkce je maly po
urcitou dobu




I Exploze (divergence) swarmu

* Muze vzniknout, pokud pozice jedince je
daleko od jeho personal best a
local/global best

vt + 1) = w(Ov;(t) + 174 (¢) [yij(t) - xij(t)] + cp1(8) [yij(t) - xij(t)]

* Lze resit pomoci omezeni rychlosti
¢ lf vij > +VMAX,j then vij — +VMAX,j

° lf vl‘j < _VMAX’j,then Uij — _VMAX,j




* Muze vzniknout, pokud pozice jedince je
daleko od jeho personal best a
local/global best

vt + 1) = w(Ov;(t) + 174 (¢) [yij(t) - xij(t)] + cp1(8) [yij(t) - xij(t)]

* Lze také resit pomoci constriction
coeficientu:
vj(t+1) = X[Vij(t) + ¢171(8) [)’ij(t) - xij(t)] + cp1p5(t) [yij(t) - xij(t)]]

2

p1+w2=9>4.0

X:
|2—(p—1/ 2—499?




I Konvergence

* Konvergence do bodu p

limy(t) =p

t— oo

* Zakladni PSO

— neni garantovana kovergence do globalniho




I Konvergence
» GCPSO

— Guaranteed convergence PSO

— Van den Bergh and Engelbrecht (2002): A
new locally convergent Particle Swarm
Optimizer.

— Garantovana konvergence do lokalniho
optima pridanim ndhodného prohledavani
okoli gbest pozice

v (t+ 1) = w)v;(©) + [9;,(©) — x;;@®)] + p(®)[1 — 21, (D)]

— p(t) se adaptivné prizpusobuje a je vzdy>0




I Konvergence

* Van den Bergh (2002) ticle o
swarm optimizers, PhD thesis:

* Algoritmy s garantovanou konvergenci do globalniho
optima:

 RPSO
— Random particle PSO

* V kazdée iteraci, nejménc¢ jedna pozice je ndhodn¢
resetovana

e MPSO
— Multi-start PSO




Binarni PSO

X;(t+1)=1  pokud U(0,1)<1 oy
1 _—
//
- /

Px(t+1)




90% [~

Comfort

40% [

Cost




I Multiobjective optimalizace

* Agregace jednotlivych funkci
— Napft. vazeny soucet

* Ruzné Casti prohledavani pouzivaji ruzné
funkce

— napi. Dynamic Neighborhood MOPSO,
Vector evaluated PSO (VEPSO),...

* Metody zalozené na dominanci
— Hledani a uchovacani pareto fronty — archiv

— Napi. Moore a Chapman: Personal best je
seznam, z kterého se vybira nahodn¢




I Multiobjective optimalizace

* Dalsi metody zalozené na dominanci:
— Coello Coello and Lechuga: Adaptive archive grid

— Mostaghim and Teich: Sigma method and ¢ -
dominance

— Hu, Eberhart and Shi: Global guide selection
— Zhang and Huang: Distance based selection
— Li: Non dominated sorting

— Yen and Lu

— Fieldsend and Singh: Dominated trees

— Ray and Liew: Swarm metaphor




I Dynamicka optimalizace

* Detekce zmény ztratové funkce

— Napf. sledovanim chovani global best pozice
a jelji prislusné hodnoty {

* Odezva na zmé¢nu a sledovani optima
— Napr. restart nékterych jedincu

* Napr. Simulator skleniku pro rajCata —
optimalizace podminek pro rust rajcat




I Aplikace

e Uceni skrytych Markovskych modelu

— Nahrazeni hill-climbingového EM algoritmu
PSO metodou

— Optimalizace s omezenim

— Analyza nitrolebecniho tlaku pro detekci
traumatického porancni mozku

— Detekce fazi spanku z EEG




Alikace

* Planovani cesty robota
— Reprezentace cesty splineami
— Optimalizace parametru spliny

1% spline i spline
A A
s h s '
F“}-J‘ 1¥ F‘I}I E‘}.}f FE}.J: 2y FE}: 2y F::—t: F:n-‘l.j,r F::—t:: E-}.-L!,r
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I Aplikace

* Predikce aktivity reaktoru Educt

— 17 vstupnich prom. /TR

— 1 vystupni prom.

— Cilem je HH Catalyst
filled tubes
* Vytvorit adaptivni model
(adaptace na zmény procesu 11{HI 1~ Cooling

water

zpusobené nemcritelnymi
viivy)

Product




Alikace

* Predikce aktivity reaktoru

Prediction

Inputs




Alikace

— Nevyhoda

klasického pristupu:

e Uvaznuti v lokalnich
extrémech

* Aproximace
gradientu —
prispévek vah
zpétné vazby je
zanedban

Target output

Error

A 4

Training
algorithm

(-
Sigmoidal
neurons

OUTPUT
UNITS

INPUT
UNITS

f

[ Feature vector J

Y

CONTEXT
UNITS




I Aplikace

* Predikce aktivity reaktoru

— Adaptivita — reinicializace Casti swarmu

= =] (=] —
Random Random Random Random
initialization of —»| nitialization of half | ——W 1nitialization of half | —— initialization of half
complete swarm of swarm of swarm of swarm
Training ﬁ;dapting Adapring Aclapring

Data from Data from Data from Data from
Stepl Step2 Step3 Stepd




I Aplikace

* Selekce priznaku pro
rozpoznavani
— Binarni PSO
— Klasifikace spankového
EEG novorozencu
— Predikce stavu pacienta

— Klasifikace pi1 hloubkové
stimulaci mozku

— Klasifikace srdecnich
signalu plodu

—_———




I Aplikace

* Optimalizace extrakce priznaku

— Klasifikace urovneé frakcionace

intrakardialnich signalu

— Kiemen,V. - Lhotska, L. - Maca$, M. - Cihak, R. - Kautzner, J.- et al.: ANew
Approach to Automated Assessment of Fractionation of Endocardial
Electrograms During Atrial Fibrillation.Physiological Measurement. 2008,
vol. 29, no. 12,p. 1371-1381. ISSN 0967-3334




e Vizualizace

— étépénové, K. - Macas, M.: Visualizing Correlations Between EEG
Features by Two Different Methods. In BioDat 2012 - Conference on
Advanced Methods of Biological Data and Signal Processing [CD-ROM].
Praha: Ceské vysoké uceni technické v Praze, 2012, vol. 1, p. 1-4.

ISBN 978-80-01-05153-5.




Aplikace

e Shlukovani
— Detekce jednotlivych typu ocnich pohybu

i 1

Fixace




Aplikace

* Shlukovani
— Detekce jednotlivych typl o¢nich pohybu
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* Vyrazny narust aplikaci v energetice

— Obnovitelné zdroje, kvalita elektriny, ...

Area Name

Reactive power and voltage control
Economic Dispatch

Power System Reliability and Security
Generation Expansion Problem

State Estimation

Load Flow and Optimal Power Flow

Power System Identification and Control

- Controller Tuning

- System Identification and Intelligent Control
Electric Machinery

Capacitor Placement

Generator Maintenance Scheduling

Short-Term Load Forecasting

Generator Contributions to Transmission System

PSO types

Conventional PSO, Integer PSO. Adaptive PSO

Conventional PSO, Evolutionary Programming PSO (EPSO)
Conventional PSO, Binary PSO

Conventional PSO, Stretching PSO (SPSO), Composite PSO (C-PSO)
Conventional PSO. Hybrid PSO (GA-PSQO)

Conventional PSO, Hybrid PSO (GA-PSO), Vector Evaluated PSO
(VEPSO), PSO with Passive Congregation (PSOPC), Dissipative PSO
(DPSO)

Conventional PSO

Conventional PSO, Hybrid PSO (GA-PSO)

Conventional PSO

Conventional PSO, Integer PSO

Conventional PSO, Evolutionary Programming PSO (EPSO)
Conventional PSO

Vector Evaluated PSO (VEPSO)
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I Formovani nazoru a optimalizace
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I Aplikace

* Predicting Mortality of ICU Patients:
The PHYSIONET/COMPUTING IN CARDIOLOGY
Challenge 2012

— SITO based feature selection for Linear Bayes classifier
— Reduced initialization was used
— Event 1: maximize min(sensitivity, positive predictivity)
— Event 2: minimize Hosmer-Lemeshow statistic
— 30 participants
— We achieved

* 4 place in Event 1

« 3" place in Event 2




I Aplikace

* Predicting Mortality of ICU Patients: The
PHYSIONET/COMPUTING IN
CARDIOLOGY Challenge 2012

EVENT 1 (BINARY PREDICTION OF SURVIVAL OR IN-HOSPITAL DEATH)

Participant Score
Alistair Johnson, Nic Dunkley, Louis Mayaud, Athanasios Tsanas, Andrew Kramer, Gari Clifford 0.5353
Luca Citi, Riccardo Barbieri 0.5345
Srinivasan Vairavan, Larry Eshelman, Syed Haider, Abigail Flower, Adam Seiver 0.5009
Martin Macas, Michal Huptych, Jakub Kuzilek 0.4928

EVENT 2 (ESTIMATION OF IN-HOSPITAL MORTALITY RISK)

Participant Score
Luca Citi, Riccardo Barbieri 17.88
Tongbi Kang, Yilun Su, Lianying Ji 20.58

Martin Macas, Michal Huptych, Jakub Kuzilek 24.70

—_—
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Alikace

* Optimization of classification system for
recognition of tea samples

— Central Scientific Instruments Organisation,
INDIA

A. P. Bhondekar, R. Kaur, R. Kumar, R. Vig, P. Kapur, A novel
approach using dynamic social impact theory for optimization
of impedance-Tongue (iTongue), Chemometrics and Intelligent
Laboratory Systems 109 (2011) 65 — 76.

R. Kaur, R. Kumar, A. Gulati, C. Ghanshyam, P. Kapur, A. P.
Bhondekar, Enhancing electronic nose performance: A novel
feature selection approach using dynamic social impact theory
and moving window time slicing for classification of kangra or-

thodox black tea (camellia sinensis (1.) o. kuntze), Sensors and
Actuators B: Chemical 166-167 (2012) 309-319.



